I. INTRODUCTION
Among many existing wireline communication systems, power line communication (PLC) systems have attracted much attention because of their competitive data rate, the almost universal coverage, and the ease of access in the past few years [1] - [5] . In addition, applications to PLC-based sensor networks have been proposed in fields such as industry networks [6] , home security systems [7] , surveillance systems [8] , underwater sensor networks [9] , and vehicular PLC [10] , [11] . However, for data communication, the PLC systems have many drawbacks such as time-varying line impedance, narrowband interference, frequency-dependent attenuation, and impulsive noise (IN) [12] - [14] . Among these issues, IN is a big challenge for PLC. Because IN is short in duration but high in magnitude, it can be considered to be wide-band noise in the frequency domain. For an orthogonal frequency-division multiplexing (OFDM)-based PLC system, IN affects most of the subcarriers and causes the noise bucket effect [15] . Moreover, channel estimation which is based on the conventional least-squares (LS) method is also seriously compromised because of IN. Several methods have been proposed to deal with this problem, including nulling, clipping, replacement, and combinations of these methods [16] - [18] . However, some pre-determined parameters are required when calculating the threshold values using the above methods, and those parameters will vary according to channel conditions. Additionally, the peak-toaverage-power-ratio (PAPR) of OFDM signals also degrades the performance of those methods. Some iterative IN suppression schemes for an OFDM-based receiver in PLC systems were proposed previously [19] , [20] . However, these iterative receivers cannot identify the IN accurately, and thus these algorithms cannot achieve a satisfied bit error rate (BER) performance.
On the other hand, the research concerning learning mechanisms with application to complex nonlinear systems has been widely discussed (e.g. see [21] - [38] ). Therein, artificial neural networks (ANNs), important intelligent techniques with highly nonlinear modelling characteristics, can be used to treat super complicated problems, in which too many variables to be simplified in models. They have been applied to various fields, such as image processing [24] , speech processing [25] , indoor positioning [26] , nonlinear uncertain systems [27] - [30] , unknown dynamics [31] , [32] , controller design [33] - [35] , and control of robot manipulator [38] . For example, an intelligent adaptive control algorithm with ANNs was proposed in [28] for a class of high-order nonlinear systems. In [38] , Jin et al. used neural networks to online solve a time-varying quadratic problem, which models a problem related with a cooperative control of multiple redundant manipulators with limited communication abilities. A multilayer perceptron (MLP) is a feed-forward ANNs model that maps sets of input data onto appropriate outputs [23] , [37] . An MLP consists of multiple layers and nodes in a fully connected and directed graph. Except for the input nodes, each node is a neuron with a nonlinear activation function. MLP is a modification of the standard linear perceptron and it can distinguish data that are not linearly separable.
To the best of the authors' knowledge, no existing studies have applied MLP-based techniques to detecting IN in PLC receivers and we leveraged this advantage to detect IN in this paper. Additionally, we have made two main contributions. First, we proposed an MLP-based IN detector. Compared to the IN detectors proposed by others [19] , [20] , the MLP-based IN detector can detect the residual IN more accurately. In the conventional outlier detection theory, we have to make a trade-off between the detection rate and false alarm rate when detecting the harmful IN samples. Due to the high PAPR characteristics of the OFDM-based PLC systems, a low IN detection rate is inevitable to avoid damaging the desired signals. We leveraged the powerful MLP-based IN detector such that the missed undetected harmful IN samples can be recognized and thus the system performance can be improved. In addition, a target generator was proposed to train the MLP network. Second, we performed experiments on different kinds of feature extraction filters and figured out a suitable filter for the MLP-based IN detector in the OFDM-based PLC system. The remainder of this paper is organized as follows. Section II describes the system models, including the power line channel and noise models; Section III details the proposed improved iterative OFDM-based PLC receivers, including algorithms for MLP-based IN detection and generation of the training set; Section IV presents simulation results, in which we refer to the IEEE 1901 specifications to establish the OFDM-based PLC transmitters; and Section V includes our Conclusions.
II. SYSTEM MODEL
We consider the transmitted signals to be of the OFDM type with N subcarriers composed of K data subcarriers and N − K null subcarriers. The transmitted symbols s n in the time domain can be expressed as:
where S k is the transmitted data on the k th subcarrier in the frequency domain and n means the time index in a discretetime system. The received signal r n can be represented as follows:
where h n denotes the impulse response of the multipath channel, ⊗ indicates the convolution operation, and η n represents the aggregated additive noise, which includes additive white Gaussian noise (AWGN) and IN.
A. NOISE MODEL
Noise in PLC systems can be briefly classified into background noise, which includes color and narrowband noise, and the IN [39] . In this paper, we assume that background noises are AWGN with zero mean and a variance of σ 2 w . The dominant IN in narrowband PLC systems is periodic. However, the dominant IN is asynchronous in broadband PLC systems. We consider two popular asynchronous IN models: the Bernoulli-Gaussian (BG) [40] and Middleton Class A (MCA) [41] models.
For the BG IN model, the IN i n is given by:
where b n ∈ [0, 1] is used to represent a Bernoulli process with a probability of success p and g n denotes the white Gaussian process with zero mean and a variance σ 2 I . The Gaussian-toimpulsive-noise ratio (GINR) = σ 2 w /σ 2 I is used to represent the intensity of the IN. The aggregated noise model η n = w n + i n seen by the receiver is thus a stationary mixture of two random processes with the Gaussian distribution. The probability density function (PDF) of the aggregated additive noise η n is governed by:
where N (η n ; µ, σ 2 ) denotes the Gaussian PDF with mean µ and a variance σ 2 , from which the n th sample η n is taken. Note that for each sample of the aggregated noise, we generate three random variables to simulate its stochastic behaviors. First, we generate one Gaussian random sample w n with zero mean and a variance of σ 2 w . Then, we generate one Bernoulli random sample b n with a probability of success p and one Gaussian random sample g n with zero mean and a variance of σ 2 w / . The resulting aggregated additive noise sample is
For the MCA IN model, the IN can be regarded as an infinite number of parallel Gaussian channels with varying noise power, and selected with the Poisson distributed 
with
where A denotes the impulsive index and
represents the background-to-impulsive noise power ratio.
B. PLC CHANNEL MODEL
The frequency response of the multipath model [42] is given by
where N path denotes the number of the paths, α i is the weighting factor, a 0 and a 1 are the attenuation parameters, ρ is the exponent of the attenuation factor, d i is the path length, and τ i is the path delay associated with the i th path. Fig. 2 . However, because of the high PAPR of the OFDM systems, only 16 received samples that were damaged by the IN were detected using the outlier detection theory. Another detection method is needed to identify some harmful IN samples. In this work, we proposed the concept of combining MLP with the outlier detection theory as will be described in Sec. III-A.
This receiver contains four main sub-blocks: pre-IN mitigation, post-IN mitigation, channel estimation, and MLP-based IN detector. The pre-IN mitigation block nulls strong IN before the fast Fourier transform (FFT) block. This pre-processing makes it possible for the algorithm to estimate the frequency response of channelĤ more accurately. The output of the pre-IN mitigation can be expressed as follows:
Note that ν 1 is an adaptive threshold derived by the outlier detection theory and the parameter T 1 is determined based on the desired false alarm rate, P fa [20] . The value of T 1 is obtained as follows:
where erf −1 (·) denotes the inverse error function. As shown in Fig. 3 , we can determine the value of T for a given P fa in advance according to (11) . The threshold varies adaptively with the input samples. If the input samples have a Gaussian distribution, outlier samples can be detected among the input samples by (10) . Fortunately, it has been shown that an OFDM signal has an approximately Gaussian amplitude distribution when the number of subcarriers is large [43] , [44] . This condition usually holds for the broadband PLC application. In the FFT-PHY specifications of IEEE 1901, the number of subcarriers is 4096. In this case, the distortion in an OFDM system caused by the PLC channel frequency selectivity can be considered to have a Gaussian distribution [43] . If the transmitted OFDM signals have a Gaussian distribution, after propagating through PLC channels, which can be expressed by a channel matrix, the received signal can be expressed as a linear combination of Gaussian distributed OFDM signals. We will confirm this condition via computer simulation in Sec IV below.
The residual portion of IN is suppressed by the post-IN mitigation. Using the ''tentative decision'' block on the equalized dataR eq and inserting the pilot symbols using the ''pilot insertion'' block, we can estimate the transmitted data on frequency domain and denote it asŜ. Thus, the estimated additive noise in frequency domain,D, can be expressed as:
Thereby, the additive noise in time domain, η n , is reconstructed by using the inverse FFT (IFFT) block, The cleaner received signal R can be expressed as:
By feeding R back into the multiplexer, a more accurate estimation of channel response can be obtained. The estimated channel responseĤ and post-IN mitigation are able to cooperate in a mutually beneficial manner, and thus to improve the BER performance.
A. PROPOSED MLP-BASED IN DETECTOR
In this paper, the MLP consists of one input layer, one output layer, and two hidden layers, in which there are 100 and 50 nodes in the first and the second hidden layers, respectively [see Fig. 4 ]. The input layer has two nodes with inputs of r n and r n , respectively. We apply a median-deviation filter [45] to obtain r n , which can be expressed as follows:
r n = r n − median r (n−4) , r (n−3) , . . . , r (n+4) (14) where median {x} denotes taking the median of a vector x and we assume the size of x to be 9. The output layer has only one node, which outputs a binary sequence
means that the received sample r n is corrupted by IN; however, b N (n) = 0 implies that the n th received sample is uncorrupted.
To obtain a better estimation of the IN's position in a received OFDM symbol, we combine the MLP-based IN detector with the adaptive threshold-based [20] IN detector. The input to the adaptive threshold-based IN detector is d.
T is a binary sequence with length N , in which the n th element can be expressed as:
After combining the two vectors: b N and b A , we have
T as follows:
B. TRAINING THE MLP WITH THE PROPOSED TARGET GENERATOR 
i can be expressed as: where W (1) is a 100 × 2 matrix connecting the input layer with the first hidden layer; X is the input vector of size 2 × 1; b (1) is the bias vector for the first hidden layer; and (1) (·) is the activation function. The element of the second hidden layer Y (2) i can be expressed as:
where W (2) is a 50 × 100 matrix connecting the first hidden layer with the second hidden layer; Y (1) is the input vector of size 100×1 for the second hidden layer; b (2) is the bias vector for the second hidden layer; and (2) (·) is the activation function. Finally, the outputs of the output layer can be expressed as:
where W (o) is a 2 × 50 matrix connecting the second hidden layer with the output layer; Y (2) is the input vector of size 50 × 1 for the output layer; and b (o) is the bias vector for the output layer; and (o) (·) is the activation function.
The aim of training the MLP is to minimize the cost function ξ (n, Y (o) (n), t(n)), in which t(n) is the training data set and will be explained later. For notational simplicity, we use the notation ξ (n) := ξ (n, Y (o) (n), t(n)) for functions of n, Y (o) (n), and t(n). Using the back-propagation algorithm with gradient descent [21] , [22] , we can train the MLP network as follows: (22) where is the learning rate parameter and i ∈ {1, 2, o}. Note that it is desired that the cost function should not be increased during the training process, i.e., ξ (n + 1) ≤ ξ (n). To train the MLP, an auxiliary target sequence t n is required, which can be calculated using the received signal r n , the known pilot signals s p , the estimated channel impulse responses h, and an adaptive threshold ν 3 in the training period as follows:
where e p = r n − s p ⊗ h is the reconstructed IN and ν 3 can be obtained as follows:
The computational complexity of the proposed MLP-based IN detector depends on the structure of the ANNs, such as the number of layers, the number of nodes for each layers, and so on. It has been shown that, for a single layer, the computational complexity of the back-propagation algorithm is around O(N t M t D t ), in which N t is the input dimension, M t is the output dimension, and D t is the size of mini-batch [46] .
C. SUMMARY OF THE PROPOSED IMPROVED ITERATIVE RECEIVER
As shown in Fig. 5 , we use the flowchart to summarize the operation of our proposed iterative receiver. First, we apply a pre-IN mitigation and an adaptive threshold-based nulling device to suppressing strong IN in the time domain. Second, when a pilot symbol has been received, we can estimate the channel information and generate the target sequence to train the MLP; however, if a data symbol has been received, we then use the estimated channel information to equalize the channel. Third, the proposed MLP-based IN detector is applied and the reconstructed residual IN is subtracted from R to obtain a de-noised signal R, which is then iteratively fed back to the channel estimator to obtain a more accurate estimation of channel response H until the denoising loop has been completed. In this manner, we can enhance the accuracy of H, which helps the post-IN mitigation block to identify residual IN more precisely. The loops would continue within two or three iterations to obtain a cleaner received signal. Note that we have applied three different false alarm parameters, i.e., the values of T i with i = 1, 2, and 3, in (10), (16) , and (24), for the pre-IN mitigation, reconstruction of the residual IN, and target generation stages, respectively. Since the high PAPR of the received OFDM signals, in the pre-IN mitigation stage, we have to set a very low value of P fa to reduce the probability of setting an incorrect threshold. More detailed operation of pre-IN and post-IN mitigation blocks can be found in [20] .
IV. SIMULATION RESULTS
For the orthogonal frequency-division multiplexing (OFDM)-based power line communication (PLC) system, we refer to the specifications of IEEE 1901 [47] to build transmitters with the binary phase-shift keying (BPSK) modulation scheme. We set the number of subcarriers to N = 4096, the number of data subcarriers to 917, the length of cyclic prefix to 556, and the values of T 1 , T 2 , and T 3 were 4.12, 3.23, and 1, respectively. Note that the values of T 1 , T 2 , and T 3 were determined by the computer simulation study. For example, Fig. 6 shows the performance comparison for various P fa when we evaluate an appropriate value of T 1 . Since the high peak-to-average power ratio (PAPR) of the received OFDM signals, in the pre-IN mitigation stage, we have to set a very low value of P fa to reduce the probability of setting an incorrect threshold. As shown in Fig. 6 , the best performance is obtained when P fa = 0.1%, which corresponds to T 1 = 4.12. Similar approaches are applied to evaluate the values of T 2 and T 3 . The parameters of the multipath channel model are listed in Table 2 . The corresponding impulse response and magnitude response are shown in Fig. 7 . Moreover, as mentioned in Sec. III, the received samples are required to have a Gaussian distribution so that the outlier detection theory can be applied to design the adaptive threshold algorithm. Therefore, the received signal r n should be Gaussian distribution with zero-mean and variance σ 2 r in the case of no IN presented, which can be confirmed as shown in Fig. 8 .
The total number of transmitted symbols N sym is 500, which includes data and pilot symbols. For the MLP, the training sets of the MLP neural network were 5000 events for each E b /N 0 point and other key parameters are listed in Table 1 . We also compared our proposed method with the following methods published in previous IN mitigation studies: Chien [20] , Ndo et al. [48] , and Zhidkov [19] . For Ndo's method, we applied an optimal clipping threshold to the received signals. For Zhidkove's method, we set the threshold for IN detection to C ·σ 2 , where C = 3.3 is an empirical value corresponding to a small probability of false detection andσ 2 denotes the estimated mean square values of the noise term. The BER vs. E b /N 0 curves are shown in Fig. 9 , where we consider two different BG IN environments. In Case-1, the IN disturbance is moderate (p = 0.1 and = 0.01), while in Case-2, the IN disturbance is strong (p = 0.2 and = 10 −3 ). Note that all the curves labeled with ''proposed method'' mean that MLP-based IN detector has been applied. In addition, we tested the different feature-extraction filters, which include the median-deviation filter [45] , the dispersion filter [49] , and the ROAD filter [24] . However, the resulting BER curves are overlapped with each other and we only plotted the BER curve associated with the median-deviation filter.
Because of the high PAPR characteristics of OFDM signals, the non-iteratively threshold-based approach (Ndo's method) cannot effectively null the IN sources in the high E b /N 0 region. Zidkov's method cannot work well because of the poor channel estimation results. Chien's method [20] can be improved by replacing the original IN detection mechanism with our proposed MLP-based IN detector. For Case-2, if we fix the BER at 10 −2 , the proposed method has an improvement of about 4 dB E b /N 0 compared with Chien's method [20] . Similar results can be obtained for Case-1 but with a smaller E b /N 0 improvement.
To evaluate the performance of the proposed method in a more realistic IN environment, we substituted into the MCA In this case, if we fix the BER at 10 −2 , the proposed method shows an improvement of about 3 dB E b /N 0 compared with Chien's method. The performance improvement (in terms of E b /N 0 ) is more significant when IN is stronger than that in the case where IN is moderately disturbed. With the aid of the MLP-based IN detector, we can detect the missed but harmful IN samples, which cannot be detected using outlier detection theory or threshold methods. Therefore, with the same E b /N 0 , our proposed method outperforms the other comparable work.
V. CONCLUSION
For power line communication (PLC)-based sensor networks, one of the key enabling technologies is impulsive noise (IN) mitigation for the PLC transmission scheme. This paper presents an iterative receiver, which uses a multilayer perceptron (MLP)-based IN detector to remove the damaging residual IN samples in the orthogonal frequencydivision multiplexing (OFDM)-based baseband PLC systems. We showed that a median-deviation filter can be used as a feature-extraction filter for the MLP network. In addition, we considered using the iterative channel estimation method to generate the training data for the MLP network. By combining the outlier detection theory with the MLP, our proposed MLP-based IN-detector can enhance the detection rate of the residual destructive IN and thus improve the resulting bit error rate (BER) performance.The performance improvement is remarkable when the IN is strongly disturbed for the PLC systems. Simulation results have shown that a simple threshold-based approach cannot bring the IN to a satisfactory level and our approach can outperform comparable approaches [20] 
